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Abstract

Wepresentasystemdesignedfor theinteractivedefinitionandvisu-
alizationof fieldsderivedfrom largedatasets:theDemand-Driven
Visualizer(DDV). Thesystemallows theuserto write arbitraryex-
pressionsto definenew fields,andthenapplyavarietyof visualiza-
tion techniquesto the result. Expressionscanincludedifferential
operatorsandnumerousotherbuilt-in functions.Determinationof
field values,bothin spaceandin time, is directedautomaticallyby
thedemandsof thevisualizationtechniques.Thepayoff of follow-
ing a demand-driven designphilosophythroughoutthe visualiza-
tion systembecomesparticularlyevidentwhenworking with large
time-seriesdata,wherethe costsof eagerevaluationalternatives
canbeprohibitive.

CR Categories: E. Data (large); I.1.3 LanguagesandSystems,
Evaluationstrategies;I.3.8 ComputerGraphicsApplications

Keywords: large scalevisualization,scientificvisualization,in-
teractive visualization,demand-driven evaluation,lazy evaluation,
interpretedsystems,Python.

1 Introduction

In many scientificvisualizationapplications,the datasetstendto
belarge.In computationalfluid dynamics(CFD),for example,data
canbeon the orderof oneto hundredsof gigabytesin size. CFD
datatypically comein the form of meshesand fields definedin
termsof themeshes.A meshrepresentsthelocationsof a discrete
setof verticesin a domainandtheorganizationof thevertices,for
instanceto form hexahedralcells. In somecasesa meshmaycon-
sist of multiple, overlappingsubmeshes,referredto as zones. A
fieldhasameshandadiscretesetof nodeswherequantitiessuchas
densityandmomentumarerepresented.Thelocationof thenodes
is specifiedby themesh.Visualizationtechniquesstartwith a field
andproduceimageswhichhighlightvariousfeaturesin thedomain.
Sometechniques,suchasbasicimplementationsof isosurfacesor
volumerendering,requireprocessingeverycell or nodein thefield
in orderto producean image.Many othertechniquesrequirefield
valuesonly from small regionswithin thedomain.For instance,a
visualizationdisplayingacuttingplanepassingthroughthedomain
mayrequireonly thatthefield besampledatpointsontheplane;or
perhapsonemayonly requiredatanearanaircraftmodelsurfacein
orderto apply LIC techniques[17] or to definecontourcurvesor
glyphs. Scenarioswherean applicationtouchesonly a small per-
centageof the whole datasetare known as sparse traversal [5].
Data that varieswith time tend to magnify the impact of sparse
traversal,sincesparseaccesscanoccurin bothspaceandtime. Fur-
thermore,theimplicationsof sparsetraversalbecomemoresignifi-
cantwith time-seriesdatasincethedatasetstendto belarger than
in steadycases.

�
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An importantconceptin computationalfluid dynamicsis that
of derived fields. A derivedfield is a field whosevaluesarecom-
putedin termsof one or more other fields. Derived fields come
into play in simulationapplicationssinceprogramswhichsolve for
field valuestypically computeonly a particularsetof fundamental
solutionvaluesfrom which all otherquantitiescanbe derived. A
typical setof fundamentalsolutionvariablesis density, momentum
andenergy. Therearenumerousderivedfieldsthata scientistmay
be interestedin viewing. For instance,Table 1 lists the over 50
derivedfieldspredefinedby oneCFD post-processingapplication:
PLOT3D [21]. Derived fields are particularly a challengewhen
working with large datasets,sinceloadingthe fundamentalsolu-
tion valuesaloneinto mainmemorymayalreadytax theresources
of one’sworkstation.Furthermore,evenif onecanafford themem-
ory necessaryto storeaderivedfield,muchof thecomputationmay
beunusedif thevisualizationdoesnotaccessthewholefield.

To addressthechallengespresentedby largedatain generaland
derivedfieldsin particular, wepresenta visualizationsystembased
on a calculatorparadigm,the Demand-DrivenVisualizer. Using
the systemone can interactively specify derived fields andapply
visualizationtechniquesto thosefields. The fields canbe defined
by arbitraryexpressionsor by any of thestandardPLOT3D derived
fields,yettheevaluationof derivedquantitiesis completelydemand
driven(alsoknown aslazyevaluation). At theuser’soption,thecal-
culatorcanalsoevaluateandstorethederivedvalueover thewhole
field (eager evaluation), or cachelazily evaluatedresultsat some
instancein time(lazybut thrifty evaluation) for betterperformance.
At theheartof thesystemis theFieldEncapsulationLibrary (FEL)
anda collectionof visualizationtechniquesknown asthe VisTech
Library. FEL supportsthedynamicconstructionandcomposition
of arbitraryderivedfields,andevaluationby lazyor eagermethods.
DDV providestheparsingto convertuserexpressionsto FEL fields,
andaninterfacewheretheusercaninteractively choosevisualiza-
tion techniquestoapplyto theresults.Thecombinationof thelazily
evaluatedderivedfieldsdrivenby visualizationtechniquesprovides
apowerful systemfor field analysisthatis especiallywell suitedfor
largedataneeds.

The power of lazy evaluation becomesparticularly apparent
whenworkingwith largetime-seriesdatasets,wheretheshortcom-
ings of eagerderived field evaluation—memoryconsumptionand
unusedcalculations—aremultiplied by the numberof time steps
in a simulation.Sincetypical simulationsmayhave on theorderof
hundredsof timesteps,thesedrawbacksaresignificant.In theDDV
designfield evaluation is completelydriven by the visualization
techniques,both in spaceand in time. The systemautomatically
managesa working setof time steps,doing temporalinterpolation
if necessary.

It is importantto notethat key to the effectivenessof the DDV
is a consistentdemand-driven philosophythroughoutthe design.
Eagerevaluationin onepart of the designcannullify the advan-
tagesof lazy evaluationelsewhere. For example,demand-paging
hasbeenshown previously [5] to beaneffective approachto large
datavisualization,but demand-pagingcoupledwith eagerderived
field evaluationwouldbeselfdefeating.Eagerderivedfieldswould



density normalized density
stagnation density normalized stagnation density
pressure normalized pressure
stagnation pressure normalized stagnation pressure
pressure coefficient stagnation pressure coefficient
pitot pressure pitot pressure ratio
dynamic pressure temperature
normalized temperature stagnation temperature
normalized stagnation temperature enthalpy
normalized enthalpy stagnation enthalpy
normalized stagnation enthalpy internal energy
normalized internal energy stagnation energy
normalized stagnation energy kinetic energy
normalized kinetic energy u velocity
v velocity w velocity
velocity magnitude mach number
speed of sound cross flow velocity
divergence of velocity x momentum
y momentum z momentum
energy entropy
entropy s1 x component of vorticity
y component of vorticity z component of vorticity
vorticity magnitude swirl
velocity cross vorticity magnitude helicity
pressure gradient magnitude density gradient magnitude
velocity vorticity
momentum perturbation velocity
velocity cross vorticity pressure gradient
density gradient

Table1: Derivedfieldspredefinedin PLOT3D [21].

forceeverypageto bereadin, andthememoryconsumptionof the
derivedfield wouldoftenoutweighthesavingsgainedwith paging.

In the following sectionwe discusssomepreviouswork related
to the Demand-DrivenVisualizer. Section3 describesthe key
demand-driven fields usedby DDV. Section4 gives an overview
of theinterpreterlanguageandtheuserinterfaceof thesystem.In
Section5 we presentresultsdemonstratingsomeof theadvantages
of the DDV design. And finally, in Section6 we concludewith
someclosingthoughts.

2 Related Work

Field andmeshobjectsin the Demand-DrivenVisualizerarepro-
vided by a C++ classlibrary known as the Field Encapsulation
Library (FEL). An initial versionof FEL was presentedat Visu-
alization ’96 [4]. Sincethen the library hasbeenfundamentally
redesignedand completelyrewritten in order to supporta much
wider variety of meshandfield types[11]. In particular, the fea-
turesessentialfor largedatahandling– demand-drivenevaluation,
derivedfields,differentialoperatorfields,working setmanagement
of time-seriesdata,anddemand-pageddatafrom disk [5] – were
notavailablein theoriginal versionof FEL.

Thecalculatorparadigmusedin DDV is arelatively intuitiveand
easy-to-useinterfacefor preparingdatafor visualization.FAST [3],
for example,is a CFD visualizationsystemwhich featuresa calcu-
lator module. In FAST theusercanspecifyarbitraryexpressions,
including predefinedfields suchas thosein Table 1, and usethe
resultingscalarandvectorfields just asonewould usethe funda-
mentalscalarandvectorfields. TheFAST calculatorevaluatesits
resultseagerly:new fieldsrequireallocatingmemoryandcomput-
ing thederivedvalueover thewholefield. Thereis little supportfor
time-varyingdatain FAST.

An alternative paradigmfor effectively specifying derivation

functionsandvisualizationtechniquesis data-flow. AVS [20], IBM
DataExplorer [9, 1], IRIS Explorer [6], SCIRun[2, 13], andvtk
[15] areall examplesof data-flow implementations.Dataflow sys-
temsin generalcanbeclassifiedaseitherpushmodelor pull model.
In apushmodelsystem,changesto onemodulecauseit to pushre-
sultsdownstreamthroughtheflow graph.AVS, DataExplorerand
IRIS Explorerareexamplesof pushmodelsystems.In apull model
design,achangeto onemoduleresultsin datarequestspropagating
upstreamthroughthe flow graph,wherethe appropriatedataare
processedandeffectively pulleddownstream.Vtk is anexampleof
a pull modeldesign.In SCIRunmodulescanoperatein eitherpull
modeor pushmode[13].

For field visualizationswhereonly a small subsetof the field
datais required,pushmodeldata-flow suffers from thedrawbacks
of eagerevaluation:modulestypically operateover thewholefield
eventhoughultimatelyonly a relatively smallamountof dataneed
be processed,andpotentiallya large amountof memorymustbe
allocatedfor buffering intermediateandfinal results.Memoryus-
ageproblemscanbeamelioratedto a certainextentby morecare-
ful memorymanagementtechniques,or by designingmodulesthat
work with finer-grainunitsof data[19]. Onesolutionto thewaste-
ful computationproblemis to introducefilter modulesnearthehead
of theflow graphwhich extractsubsetsof thedata.Unfortunately,
it can be difficult in somecasesto anticipatewhat the appropri-
atesubsetshouldbe. For example,if thedownstreammoduleis a
particletracer, thenit maybehardto choosethesubregionfor com-
putinga derivedvelocity field, becauseonewould have to know a
priori wheretheparticleswould go. Time-seriesdataaddsanother
dimensionto the problem,since it may be difficult to anticipate
wheretemporallya modulemayneeddata.For instance,a streak-
line modulemayrequiredataoverarangeof times,includingtimes
intermediateto the given time steps(i.e., wheretemporalinterpo-
lation is necessary).Onecouldalsoimaginescenarioswheredif-



ferentmodulesin the sameflow graphmay needdataat different
temporal� pointsin thedataset.

In contrastto pushmodeldesigns,pull modeldesignsoffer the
potentialof betterperformancein large data,sparsetraversalsce-
narios. In a pull modelsystem,eachmodulecanrequestjust the
datait needsfrom theoneor moremodulesimmediatelyupstream.
For example,ImageVision [16] is a library for imageprocessing
with a pull modeldesign,whereoperationscanbeappliedto small
tiles from muchlarger images.SCIRun[13] modulescanrequest
field valuesfrom upstreammodulesat individual points in space.
Suchpull modelsystemsrepresentlazy evaluationembodiedin a
data-flow setting: the flow graphdefinesthe operationsto be ap-
plied to the data,but the operationsareexecutedonly at specific
pointsor within specificregions,on demand.

Lazy evaluation techniqueshave also beenemployed in other
visualizationsystemsfor large data. The UnsteadyFlow Analy-
sis Toolkit (UFAT) [8] is a systemdesignedspecifically for par-
ticle tracing throughlarge, time-seriesdata. UFAT computesde-
rived field valueson demand,but only for the velocity field. Cox
andEllsworth apply a demand-driven approachto the loadingof
datainto mainmemory[5]. Usingdemand-pagingtechniques,they
show goodperformancewith largeCFD datasetsin sparsetraver-
salscenarios,includingcaseswherethe fundamentalsolutiondata
for a singletime steparelargerthanthemainmemoryof thetarget
workstation.

3 FEL Fields

TheDemand-DrivenVisualizerbuilds uponfive key field typesin
the Field EncapsulationLibrary (FEL): time-seriesfields, derived
fields, differentialoperatorfields, pagedfields, andcachedfields.
TheFEL field classesaredefinedwithin acommonclasshierarchy,
andall fieldsinheritastandardinterfacedefinedby theFEL field
andFEL typed field<T> classesat the top of the hierarchy.
The typedfield classis written usingC++ templateswheretheT
parameterspecifiesthe field nodetype, e.g.,float for a scalar
field. Eachfield instancealsohasa meshwhich specifiestheloca-
tion andorganizationof thefield nodedata,in FEL a field nodeis
locatedateachvertex in themesh.Thefield interfaceprovidesstan-
dardmethodsfor accessingfield values.An applicationcanrequest
nodevaluesat the verticesof a cell (at cell), or at anarbitrary
physicalposition(at phys pos). FEL usesa generaldefinition
for cell: vertices,edges,triangles,quadrilaterals,tetrahedra,and
hexahedraareall cells. Calls to at cell do not requirespatial
interpolation,callsto at phys pos do. Field visualizationappli-
cationswritten in termsof the standard“at” calls work with any
field subclass.FEL field classesincludeFEL core field<T>,
wherethe nodedataarestoredin main memory, andotherfields
wherenodedatamaybesynthesizedon demand.We describethe
five typesof fields that figure most prominently in the Demand-
DrivenVisualizerdesignnext.

3.1 Time-Series Fields

Large simulation data sets often come in the form of a time
series,where each time step representsa snapshotof the field
values in time. FEL representstime-seriesdata via the class
FEL time series field<T>. Time-seriesfields supportthe
interfacecommonto all FEL fields, thus one can build arbitrary
demand-driven fields for time-varying data just as one can for
steadydata.Visualizationtechniquesrequestfield valuesusingthe
sameargumentsasin thesteadycase:cellsandphysicalpositions.
Eachargumentcontainsa time representation,which is usedby
FEL time series field<T> instancesto selecttheappropri-
atetime stepdata,or to selectmultiple time stepswhentemporal

interpolationis necessary. The requirementthat the time compo-
nent of “at” call argumentsbe set is the only differencefor the
applicationprogrammerbetweenusingasteadyor unsteadyfield.
FEL time series field<T> instancesloaddatafor a par-

ticular time stepon demand,usinga callbackfunctionprovidedat
constructiontime. Dataaremanagedin memoryusinga working
setapproach,wherethetimestepsarereplacedwhennecessaryus-
ing a leastrecentlyusedpolicy. Thesizeof theworking setcanbe
setby theuser;thusonecantrade-off memoryusagefor a greater
likelihoodthat a desiredtime stepwill be in memory. The work-
ing setmechanismcontainedin FEL time series field<T>
makesit easierto designapplications,suchastheDemand-Driven
Visualizer, for timeseriesdatathataremuchlargerthanworkstation
mainmemory.

3.2 Derived Fields

The derived field classes in FEL are all subclassesof
FEL derived field<T>. For an applicationprogrammer, the
constructionof a derived field requiresargumentsspecifyingthe
fieldsto bederivedfrom, andamappingfunctionto beusedonde-
mandto producederivedvalues.All thefieldsmustbebasedonthe
samemesh.TheDemand-DrivenVisualizerutilizesseveralprede-
finedderivedfield classes,suchasFEL magnitude field and
FEL sum field, wherethe mappingfunctionsareprovided by
thelibrary.

An importantconsequenceof definingderivedfieldsin termsof
thebaseclassFEL typed field<T>, ratherthanamorespecific
field typesuchasFEL core field<T>, is thatderivedfieldscan
beconstructedin termsof otherderivedfields. In generalonecan
composefieldsderiving from any field subclass.This alsoimplies
thatonecanbuild chainsof derivedfieldsto arbitrarylengths.The
fact thatonecanconstructnew fieldswithout needingto know the
specificsubclassof thefieldsbeingderivedfrom makesit easierto
build modularsystems.For example,in theDemand-DrivenVisual-
izer, derivedfieldscanbecomposedincrementallyastheinterpreter
traversesanexpressionparsetree.

The relationshipsbetweenderived fields can be describedus-
ing a directedgraph. An applicationbuilds derived fieldsnodeby
node,eachnewly constructedfield addinga graphnodeandedges
from previousnodesto thenew node.Thegraphsareacyclic, thus
derivationgraphsareDAGs(directedacyclic graphs).Thederiva-
tion graphscanalsobe thoughtof asflow graphs. Requeststo a
particulargraphnodecauserequeststo propagateupstreamthrough
theflow graphin ademand-pullmanner. Thedatarequestsarefine-
grain: at cell calls requirecomputationonly at the nodesof a
cell.

3.3 Differential Operator Fields

FEL containsfield classeswhich computethedivergence,gradient
or curl of anunderlyingfield. Differentialoperatorfield valuesare
computedondemand,similartoderivedfields.Thelibrary provides
classesfor computingderivativesby first or secondordermethods1

Otherdifferentialoperators,suchasthescalaror vectorLaplacian,
canalsoberepresentedin termsof thebuilt-in operators.Temporal
derivativesarenot yet implementedin FEL.

As with derived fields, the field provided asa constructionar-
gument when building a differential operatorfield can be any
subclassof FEL field. Thus, differential operatorfields can
be composedinto derivation chains just as derived fields are.
Second-orderdifferential operatorfields are unlike subclassesof
FEL derived field<T> in that they generateadditional“at”

1Presentlyonly first order methodsare supportedfor unstructured
meshes.



Operator Description
add addition(infix +)
div division (infix /)
mul multiplication(infix *)
neg negation(unary-)
sub subtraction(infix -)

cross crossproduct
curl1 first-ordervectorcurl
curl2 second-ordervectorcurl
div1 first-orderdivergence
div2 second-orderdivergence
dot dotproduct
grad1 first-ordergradient
grad2 second-ordergradient
mag vectormagnitude
sqrt squareroot

Table2: Field mathoperatorsdefinedin DDV.

callson theirunderlyingfield in orderto acquireaneighborhoodof
field valuessurroundinga givenargument.For instance,a request
for thegradientat a vertex requiresfield valuesat theadjacentver-
ticesin themeshin orderto computethenecessarydifferenceval-
ues. This expandingneighborhoodof calls to fields upstreamin
thederivation graphis transparentto theenduserof a differential
operatorfield.

3.4 Paged Fields

With paged fields, the dataare organizedinto page-sizedblocks
within files on disk. Blocksareautomaticallyloadedinto memory,
ondemand,by thepagedfield object.Thepagesaremanagedusing
working settechniques.Theloadingandmanagementof blocksis
transparentto the pagedfield user. TheFEL paged field<T>
classencapsulatestheapproachpresentedby Cox andEllsworthat
Visualization’97 [5].

3.5 Cached Fields

The derived anddifferentialoperatorfields in FEL follow a max-
imally lazy strategy. No derived valuesarecomputedin advance,
nor is any memoryallocatedfor storingderived values. In cases
wherean applicationrepeatedlyrequestsvaluesat the sameloca-
tions in a field, themaximally lazy approachmay not be thebest,
sincethederivedvalueswould berecomputedat eachrequest.On
the otherhand,eagerevaluationmay still not be the bestchoice,
particularly in sparsetraversalsituations. FEL provides a hybrid
approachvia a field class:FEL cached field<T>. A cached
field is constructedwith anotherFEL field instanceasanargument.
Cachedfields allocatethememoryto storethewholefield (at one
instancein time) andmarkeachnodewith a special“unevaluated”
value. For each“at” call, a cachedfield checkswhetherthe re-
questednodevalueshavebeenevaluatedalready, andreturnsprevi-
ouslycomputedvaluesif available. Nodevaluesrequestedfor the
first time arecomputedasin theuncachedcase,andstoredfor fu-
turereuse.Thetimecomponentof theat call argumentis ignored,
thus it is inappropriateto usea cachedfield if the the underlying
field is time varyingandthetimespecifiedin all theat callsis not
thesame.

In sparsetraversalscenarios,cachedfieldsprovideamortizedre-
sponsetime closeto thatof eagerfields,without thewastefulcom-
putationdrawbackof eagerevaluation. For demand-driven fields
that are expensive to evaluate, in particular differential operator
fields, cachedfields can significantly improve performancewhen
onecanafford thememory.

Data Per Time Step # Steps Total
SSLV 599 1 599
DW 22 120 2628
F18 35 301 10652

Table3: Datasetsizes(MBytes).

Derived Field Data Touched
Visualization ��� �	�
density SSLV 1.2 0.7
Cuttingplane DW 3.2 1.8

F18 1.5 0.8
divergence of velocity SSLV 2.4 2.0
Cuttingplane DW 6.2 4.8

F18 3.0 2.3
velocity SSLV 0.1 0.1
Particle advection DW 1.1 0.7

F18 0.4 0.3

Table4: Thepercentagesof nodestouchedat leastonce,andmore
thanonce,for typical cutting planeandstreamlinevisualizations.
The numbersare typical of visualizationalgorithmswith sparse
traversalbehavior.

4 Implementation

The Demand-DrivenVisualizer provides a graphicalinterfaceal-
lowing the userto interactively defineandvisualizearbitraryde-
rivedfields. In this sectionwe provide a brief overview of the in-
terpreterlanguageusedto expresssuchfields,andtherapidappli-
cationdevelopmentlanguageusedto build thesystem— Python.

4.1 The Language

TheDDV interfaceincludesan interpreterwindow wherethe user
canwrite andevaluatefield expressions(seeFigures1 and2). The
interpreterin DDV is basedonPython[10, 14], aninteractive,inter-
pretedlanguage.A key featureof Pythonis its extensible,modular
design.DDV providesanFEL modulefor Pythonwhich introduces
meshandfield typesinto the interpreterenvironment. The types
arefirst class,in other words, oncethe FEL moduleis imported
onecanusethemeshandfield typesjust asoneusesotherbuilt-in
types.For instance,field typescanbeusedin expressions,assign-
mentstatements,or passedasargumentsto user-definedroutines.
Pythonparsesexpressions,usingoperatorprecedencesimilar that
in theC language,building a parsetreeinternally. Table2 lists the
operatorsthatcantakefield argumentsin anFEL-extendedPython.
The interpretertraversesthe parsetree,building FEL fields asdi-
rectedby the tree. The demand-driven natureof FEL is essential
here:theinterpretercantraverseandbuild at interactive rates,even
thoughthefieldsmaybeextremelylarge.

4.2 Visualization Techniques

Onceonehasdefinedfieldswithin theinterpreterenvironment,the
next stepis to applyvisualizationtechniques.DDV utilizesa C++
suiteof visualizationtechniquesknown astheVistech Library [18].
For eachvisualizationtechnique,DDV providesa Pythonwrapper.
Within the interpreterenvironmentonecanconstructvisualization
instancesandview thegraphicaloutput.Visualizationinstancescan
alsobeconstructedvia a menu-driveninterface,describednext.



Derived Field Data Eager Lazy Cached Lazy
Cons. Visu. Cons. Visu. Cons. Visu.

density SSLV 40.96 1.50 
 1.75 
 5.74
DW 0.90 0.15 
 0.19 
 0.28
F18 4.89 0.20 
 0.25 
 0.35

pressure SSLV 41.94 1.50 
 1.73 
 6.01
DW 0.96 0.15 
 0.19 
 0.28
F18 4.99 0.20 
 0.25 
 0.35

dot(grad2(pressure), velocity) SSLV 286.64 1.49 
 10.51 
 10.46
DW 10.11 0.15 
 1.22 
 0.60
F18 33.38 0.20 
 1.73 
 0.83

vorticity magnitude SSLV 341.05 1.50 
 12.87 
 11.06
DW 12.86 0.15 
 1.47 
 0.68
F18 39.66 0.20 
 1.98 
 0.92

Table5: Constructionandvisualizationtimings(in seconds)for four derivedfields,orderedby increasingexpenseto evaluate(timesdesig-
nated
 arelessthan1 millisecond). In all casesthe time to constructa lazy field andapplya visualizationtechniqueis muchlessthanthe
constructiontime alonefor aneagerfield. Thetablealsoshows thatcachingcanimprove theperformanceof a visualizationbasedon a lazy
field thatis expensive to evaluate,but cachingcanhinderperformancewhenevaluationis cheap.

4.3 The Graphical User Interface

The graphicaluserinterface(GUI) of the Demand-DrivenVisual-
izer is illustratedin Figures1 and2. TheGUI is written usingthe
Tkinter interfaceprovided by Python. Tkinter is a wrapper
aroundTcl/Tk [12]; like Tk, Tkinter allows systemdesign-
ers to specify a graphicaluser interface in a windowing-system-
independentmanner. TheDDV GUI givestheuserchoice:novice
userscan usethe pull-down menusand buttonsto constructand
control visualizationinstances,while advanceduserscan usethe
interpretercommandline aloneto control theapplication.Python
providesa universallanguagethat supportsboth the specification
of fields for visualizationandthecommandandcontrolof theap-
plication.

5 Results

To demonstratetheeffectivenessof theDemand-DrivenVisualizer
with largedatasets,webegin by quantifyingthesparsedataaccess
patternstypical of many visualizationtechniques.Next, we show
how theDDV exploits suchpatterns,avoiding thedrawbacksof ea-
ger evaluation. The examplederived fields andvisualizationsare
computedfor threeCFD datasets: the spaceshuttlelaunchvehi-
cle (SSLV), thedeltawing (DW), andtheF-18fighter (F18). The
SSLV dataset is a steadysimulationand hasa meshconsisting
of 113 zones. The deltawing andF-18 datasetsrepresenttime-
varying singleandmulti-zoneflow simulations,respectively. The
deltawing meshalsovarieswith time, theF-18meshdoesnot. Ta-
ble3 summariesthedatasetsizes.

A first steptowardsconfirming that a lazy evaluationstrategy
will beeffective is to verify thatmany visualizationtechniquesre-
quire accessingor “touching” only a small percentageof the field
valuesin a dataset. Touchinga small fraction of thedataimplies
that a large fraction is untouched,anda large fraction untouched
implies a large amountof unusedcomputationin an eagerevalu-
ationdesign.We alsomeasurehow many field nodesaretouched
more than onceby the examplevisualizationtechniques. Cases
wheremany nodesare touchedmore than oncesuggestopportu-
nities wherecachingcouldmake a significantimprovement,since
more valueswould be reused. Table4 summarizesthe measure-
ments. Thedensity anddivergence of velocity scalar
fieldswerevisualizedusinga cuttingplanesampling,andtheve-
locity field was visualizedvia a particle advection technique.
Thepercentagesshow therelatively low numberof nodestouched,
in mostcaseslessthan5%. Theexactstatisticsvary with theposi-

tioningof thecuttingplaneor particleadvectionrake. For example,
with the SSLV data,a planecutting betweenthe shuttleand fuel
tankpassesthroughseveralfinedetailmeshes,increasingthetouch
counts.TheSSLV countsin Table4 arefor sucha planeposition.
The countsfor the divergence of velocity field are for a
planein thesamepositionasfor thedensity field. Notethatthe
touchcountsfor thedivergencefield arehigher, sincenodevalues
from a neighborhoodsurroundingtheplanearerequired.Notetoo
thatthepercentageof nodestouchedmorethanonceis overhalf the
percentageof nodestouchedat all, suggestingthatcachingderived
resultsmayimprove performance.

Theconsequencesof choosinga demand-driven designover an
eager-evaluation designbecomeapparentwhen we considerthe
timesrequiredto computederivedfieldvisualizations.Table5 sum-
marizesthe performanceof four examplefields usingeager, lazy
and cached-lazyevaluationtechniques. In order to focus on the
performancedifferencesdueto thedifferenttypesof derivedfields,
the timingsarefor a singlevisualizationtechnique,samplingwith
a cutting plane. The measurementsweretaken on an SGI Onyx2
workstationwith oneGByteof mainmemoryanda 195MHzpro-
cessorclock rate. The four derived fields includea trivial derived
field,density, two commonlyusednon-trivial derivedfieldsde-
finedby PLOT3D [21], anda customdefinedfield (pressuregradi-
entdottedwith velocity) sometimesusedfor featuredetection.

To isolatethe costsof eagerevaluation,the timings arebroken
down into constructionandvisualizationcontributions. In thecase
of everyfield anddatasetcombination(i.e. every row in thetable),
the eagerconstructiontime dominates.In many casesthe differ-
encebetweentheeagerconstructiontimeandthevisualizationtime
usinga lazily evaluatedfield is over an orderof magnitude.Thus
evenin caseswheretheuserdesiresmultiplevisualizationsover the
samederivedfield, thetotal timeconsumedusingalazily evaluated
field wouldstill belessthangoingtheeagerroute.Notetoo thatby
takingthe lazy evaluationapproachtheuseralsocomesout ahead
in termsof memoryconsumption.Eagerfields requiresignificant
amountsof memoryfor storage.Furthermore,in somecasesone
mayhave to useyetmorememory, at leasttemporarily, to storethe
intermediatefieldsusedto computeafield definedin termsof other
derivedfields. In caseswherethefundamentalsolutionvaluesalone
consumemuchof thememoryof one’s workstation,not having to
storederived valuesmay make the differencebetweenreasonable
performanceandthrashing.

Table5 also lists the times to constructandutilize lazily eval-
uatedfields wherederived valuesarecachedfor reuse.Thenum-
bersshow improvementswhenworking with relatively expensive



derived fields, but a downgradein performancewhen cachingis
coupled� with fieldsthatarecheaperto evaluate.To decidewhether
cachingwill beeffective,onehasto considernotonly thefield eval-
uation cost, but also the field accesspatternsof the visualization
technique,and the amountof memoryavailable for caching. We
arecontinuingto studythesetrade-offs aswe furtheroptimizethe
theperformanceof thefield classesandvisualizationtechniques.

6 Conclusion

Large data visualizationis currently a topic of growing interest
within thevisualizationcommunity, asevidencedby theactivepar-
ticipationat the recentNSF/DOEWorkshopon LargeScaleVisu-
alizationandDataManagement[7]. For largescalescientificvisu-
alization,accessto derivedfieldsis a key componentof acomplete
system.Scientistsareoftenasinterestedin valuesderivedfrom the
raw statevariablesof their simulationsasin the raw valuesthem-
selves.WehavepresentedtheDemand-DrivenVisualizer, asystem
designedfrom the start to addresslarge datavisualizationneeds
throughdemand-drivenevaluationtechniques.Thesystemfeatures
a general,flexible interpreterwhereone can definearbitrary de-
rived fields, yet still enjoy the benefitsof lazy evaluation. Lazy
evaluationexcelsin sparsetraversalscenarios,i.e., in caseswhere
anapplicationtouchesa relatively small subsetof thedata. Many
visualizationtechniquesexhibit suchbehavior.

We expect that the fundamentaladvantagesof demand-driven
systemswill continueto influencelargescalevisualizationapplica-
tion designsin thefuture.Theapproachexemplifiedby theDDV re-
quiresminimal preprocessingor extra memory, two propertiesthat
areespeciallyimportantwhenthe dataalreadypushthe limits of
the simulationandvisualizationenvironment. While our experi-
encesso far with the DDV is asa post-processingtool wherethe
dataarereadfrom files, the advantagesof theDDV designwould
alsoapplyin caseswherethevisualizationis donewhile thesimu-
lation is takingplace.Suchasystemwouldallow theuserto define
fields on-the-flyandverify, for example,that a simulationis run-
ning correctly.
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Figure1: TheDemand-DrivenVisualizergraphicaluserinterfaceandtheSpaceShuttleLaunchVehicle(SSLV) dataset.Thecontoursonthe
shuttlebodyarefor pressure.TheSSLV datasetconsistsof 113submeshes,with a totaldatasizeof 599MBytes.

Figure2: TheDDV with theDeltaWing (DW) dataset. Thetear-off menuto the left displaysthefieldscurrentlydefinedin the interpreter
environment.Themenuto theright lists thevisualizationtechniquesthatcanbeappliedto oneof thefields— velocity. Notethatonecan
specifyfields in the interpreterenvironmentby referencingbuilt-in fields(e.g.,soln.energy) or by writing explicit definitions(e.g.,for
thep field). Theequationfor p definespressure,a scalarfield. Thedatasetconsistsof 120time steps,with a total sizeof 2628MBytes.


